ABSTRACT
Despite an increased standard of living in the U.S. and other developed countries, health problems attributable to poor nutrition persist in part due to consumers' inability to translate the dietary advice of nutrition experts into anything actionable. Citing the improvement of public health as a primary objective, numerous studies have highlighted the need for a nutritional scoring system that is both comprehensive in its coverage of food products and easily understood by consumers [1] [2] [3] [4] [5] . We aim to advance this objective by proposing a nutrition metric that is based on the current views of leading experts in the field and can be used to score any food or beverage for which several component nutrient quantities are known.
Regulatory efforts to improve nutritional labeling, such as the 1990 Nutrition
Labeling and Education Act (NLEA), have had relatively limited impact in altering the behavior of individuals who were not already motivated to eat more healthily 6, 7 . The complexity of processing nutritional information serves to limit the influence of point-ofpurchase labeling 8 , especially in fast-food settings 9 or when many options are available 10 .
It may be especially difficult for consumers to interpret a food's contribution to overall diet 11 and to take into consideration the presence of favorable nutrients, given the tendency to focus disproportionately on avoiding negative components 6, [12] [13] .
Furthermore, the positive impact of more transparent labeling practices may be obscured by promotional efforts of manufacturers 1, 14 . Not only can food advertising result in misleading generalization by consumers 15 , but it may even exacerbate negative behavior such as overeating in the case of "low fat" claims 16 .
Despite the limited success described above, there are several indications that nutritional labeling might have greater potential to assist consumers in making healthy food choices. For instance, direct comparability of nutrient information across options has been shown to induce more advantageous product selections 13, 17 , and nutrition labeling schemes may be more effective when they are better adapted to a target audience or when they employ simple messages that promote taste as well as healthiness 18 . Given specific behavioral recommendations, subsequent decision-making is evaluated more favorably according to both consumers' own judgments and expert standards 19 . In addition, though marketers will likely continue attempts to promote the healthiness of their products regardless of true nutritional value, unbiased nutritional information may influence consumers' beliefs independently from these claims 20, 21 , and consumer misperceptions may be mitigated by greater understanding of nutritional components 22 . evaluated each of eight existing nutrient profile models by the correlation of its ratings with healthiness categorizations of 120 foods by nutrition professionals. We agree with the implicit logic that expert assessments are in some sense the most comprehensive embodiment of current scientific knowledge on nutrition, but we go one step further than these other metrics by actually employing expert ratings to generate the model described.
METHODS
In this study, we surveyed leading U.S. nutrition experts about the healthiness of sample food and beverage products, estimated the regression equation that best predicts expert ratings from the nutrient information on a Nutrition Facts label, and finally analyzed the applicability of this model to rating the healthiness of products outside our initial sample.
Food/Beverage Sample
A large online grocer provided us with a database containing nutritional information for over 15,000 unique food and beverage stock-keeping units (SKUs). Also listed in the database were the 205 categories used by the grocer to classify items and the unit sales of each item in 2005. In order to create a sample of foods representative of the items that consumers consume most regularly but also covering a range of food/beverage types, we selected the most frequently purchased item in each of the categories to comprise a sample of 205 foods and beverages for experts to rate. For each of these items, we collected any nutritional information that was missing from the grocer's database by searching for similar items on the USDA 24 and NutritionData 25 websites. In all cases, we were able to find very close matches in terms of product description and size.
Expert Sample
We requested participation from leading nutrition experts in rating the healthiness of these 205 sample foods/beverages. To mitigate bias in our responses, we contacted all 57 members of three groups that are widely recognized for their expertise in the study of 
Data Collection
Our web-based survey asked that experts rate the healthiness of each of the 205 foods/beverages in our sample when they are consumed (or used as ingredients) in the recommended serving size. We displayed the item name provided by the online grocer in their database, a picture of the item found online, and a nutrition label that we generated to look like a typical Nutrition Facts label shown on the package (see Figure 10) Vitamin C (% daily value), 11) Calcium (% daily value), and 12) Iron (% daily value).
Experts rated each of the 205 items on an 11-point scale from -5 ("very unhealthy") to 5 ("very healthy"). For each of the 13 experts surveyed, we ran an ordinary least squares (OLS) regression of the healthiness ratings they provided for the 205 sample foods/beverages on the 12 nutritional components of these items listed on a Nutrition Facts label. Note that for components typically shown in both absolute amount and percentage of daily value on a Nutrition Facts label, we included only the absolute amount since the latter is redundant. For the same reason, we excluded from our set of predictor variables "calories per serving", which is equal to 9 * fat grams + 4 * carbohydrate grams + 4 * protein grams + 7 * alcohol grams (alcohol was absent from the foods and beverages in our sample), and also excluded "calories from fat," which is equal to 9 * fat grams. It did not substantively change the predictive power of the models to replace the amounts of all nutritional components with their percentage daily values or to include the predictor variables "calories per serving" and "calories from fat", so we
will not report the results of those models.
Data Analysis
We used each expert's linear model to predict what his/her ratings would be for the sample items and compared these predictions to the actual ratings given. We also used each expert's linear model to predict ratings for the remaining 9,393 items in our database for which we had access to all 12 predictor variables shown on a Nutrition Facts label. To measure similarity of the 13 experts' models for healthiness, we calculated Cronbach's alpha across both their original sample ratings and across their model predictions for other items in the database. Cronbach's alpha is a measure of inter-rater reliability, and values of Chronbach's alpha that approach 1 suggest that raters have very similar "underlying representations" of the construct they are rating (in this case, healthiness).
Next, we generated a single linear model to predict the average expert opinion about the healthiness of a given food/beverage, with the 12 nutritional components on each product's Nutrition Facts label as right-hand side variables, calculating robust standard errors to allow for the possibility of heteroskedasticity. As for the individual expert models, we compared this model's predicted average ratings for the 205 sample foods/beverages to the actual average ratings used as inputs. Finally, we used this model to predict average expert ratings for the other 9,393 foods/beverages in our database.
RESULTS
The 13 where the nutrient abbreviations correspond to the ordering in Table 1 , and units for all components must be specified as in Table 1 . See Appendix A for example calculations of predicted rating for sample foods that received relatively high (1.69) and relatively low (-
1.77) average expert ratings, Brand X Meatless Breakfast Patties and Brand Y Double
Chocolate Pudding, respectively.
Using the model to predict ratings for all 205 foods/beverages in our sample, we found that the output predictions had an average absolute difference of 1.06 and a correlation of 0.791 with the actual average ratings used as inputs (which improved slightly to a difference of 1.03 and correlation of 0.805 when predictions were cutoff at the endpoints). The model's R-squared of 0.626 suggests that it captures almost twothirds of the variance in experts' average ratings of foods and beverages. We also used the model to predict the average rating that would be given by the population of experts to the other 9,393 foods/beverages in our database. Upon inspection, the predictions seemed very reasonable. The average predictions across items within each of the 205 product categories are shown in Appendix B, ordered from highest average rating to lowest average rating. To give some sense of the usefulness of comparison within a single category, the predictions for all items listed under "All Other Salty Snacks" are shown in Appendix C, also ordered from highest average rating to lowest average rating.
DISCUSSION
Although the valence of impact that most nutrients have on the healthiness of a food may be common knowledge even to lay consumers, the clear contribution of our model is an assignment of a magnitude weighting to each nutritional component of a food/beverage. This allows for isolation of their separate impacts without compromising the ability to summarize their combined impact in a single metric. Indeed, the model outlined in Table 1 demonstrates that some nutritional components have significant positive effects on a food's healthiness while others have significant negative effects, implying that previous models focusing solely on either positive or negative nutrients have omitted critical information that experts take into account when assessing a food's healthiness. While we have necessarily made some tradeoffs between the explanatory power of our model and its simplicity, we argue that our model encompasses the most important inputs to the professional judgments of nutrition experts.
Indeed, we believe our metric for rating a food or beverage's healthiness meets many of the desired criteria that are described in the literature, yet widely lacking from prior research. First, our approach did not require experts to explicitly assign valuations to different nutrients, which would be prone to imprecision if experts are not accustomed to making direct numerical tradeoffs between nutrients. Instead, expert ratings for a broad sample of foods and beverages captured their implicit judgments about the healthiness of different nutrients. Second, the decision to generate a model of a food's healthiness based on average expert ratings was validated by a high level of agreement across individual expert models, and the resulting predictions for average expert rating can be used to compare nutritional values of foods and beverages either across or within product categories. Lastly, the quantification of our model's predictions along a single linear spectrum allows for ease of interpretation, and the output ratings can be transformed to any continuous distribution or categorization that is deemed optimal for effectively conveying information to consumers in a particular context.
We foresee several possible applications for our model. Similar to the work of Scarborough, Boxer, Rayner, and Stockley 23 , the predicted ratings of our model (or the actual sample ratings for that matter) could be correlated with ratings produced by other, competing metrics to determine whether these other measures actually incorporate the knowledge of experts into their proposed nutrient weightings. More importantly, we hope that our model will be used to generate healthiness ratings that are displayed on or near food and beverage labels, allowing consumers to make more informed choices about which products to purchase and consume. To this end, we plan to conduct controlled experiments to test the extent to which the output of our model helps consumers to make decisions that are more closely aligned with the recommendations of nutrition experts. 
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